Abstract The accuracy required in the measurement of output is an issue that has as yet still not been satisfactorily addressed in empirical research on efficiency in primary health care. We exploit information retrieved from a newly constructed database (APEX06) for the Spanish region of Extremadura. The richness of our dataset allows us to consider original synthetic measures of output that take into account both the quantity and the quality of services provided by 85 primary care centers (PCCs) in 2006. We provide evidence that neglecting the issue of properly accounting for the quality of health services can lead to misleading results. Our main finding is that adjusting output for quality has a three-fold effect on efficiency analysis. Firstly, inefficiency explains relatively more of the deviation from potential output. Secondly, the average technical efficiency in the sector is lower, while its dispersion among PCCs is significantly higher. Thirdly, the efficiency ranking of the PCCs is affected.
Introduction
A producer is technically inefficient when it can produce the same amount of output with less than at least one input, or can use the same package of inputs to produce more than at least one output [23] . This definition establishes the twofold orientation-output augmentation and input reduction-of the technical component of economic efficiency. Either makes technical efficiency a very attractive concept with which to investigate a productive sector as sensitive to demand as health care. Indeed, since the seminal study on nursing services by Nunamaker in 1983 [30] , there has been a numerous and wide ranging collection of papers devoted to the measurement of technical efficiency in health care.
A large majority of this research has focused on hospitals with primary health care services receiving far less attention. As Amado and Dyson [4] point out, this is because a hospital is an organization with clear boundaries, where patients are admitted and discharged. On the other hand, primary health care delivery is an open, community-based system with unclear boundaries. This latter factor introduces greater complexity when it comes to the economic modeling of the sector, especially with respect to the appropriate definition of primary care providers' output.
By definition, any measure of primary care output should capture the impact of the services on the (current and future) health status of patients. Unfortunately, the lack of adequate information on this aspect means that observing such a causal relationship is far from straightforward. This has led scholars to the adoption of the so-called ''activity-oriented'' models, where the primary care output is proxied by activity levels of health care units, i.e., the number of registered visits or consultations [12, 13, 18, 31, 32] .
However, the use of such quantity proxies is subject to major criticisms [3, 33] . Firstly, the number of visits or consultations is likely to be affected by factors beyond the control of providers (e.g., the socio-demographic characteristics of the population served). Secondly, in certain circumstances, physicians can choose the number of visits. If so, the level of activity will reflect the quality of provision only poorly. Thirdly, the contribution of visits to health improvement depends strongly on their effectiveness.
These criticisms clearly call for a more adequate measurement of primary care output based on quantitative as well as qualitative indicators. However, the accuracy required in the measurement of output remains a controversial and challenging issue that has been widely recognized and debated, but remains unsatisfactorily settled in terms of empirical research. In the attempt to fill this gap, our main objective is to assess whether adjusting output for quality affects the measurement of technical efficiency in the primary health care sector, and, if so, in which direction.
The vast empirical literature on the measurement of economic efficiency has been based either on parametric or non-parametric frontier methods, the choice being a recurring issue of controversial debate. 1 Within the primary health care literature, non-parametric approaches-namely, data envelopment analysis (DEA)-have clearly dominated the research agenda [3, 5, 14, [34] [35] [36] . Furthermore, the adoption of empirical models based on the definition of multi-output technologies represents the most common method for the inclusion of output quality information. In fact, DEA [11] is well suited to this type of multiple output scenarios.
DEA models envelop all the observations, and identify inefficiency as being the distance between the observed production and the maximum production as defined by the frontier and the available technology. Nevertheless, this widespread and prevailing approach has an important drawback: it does not permit one to distinguish between economic efficiency and statistical noise, artificially explaining the entire deviation from the frontier in terms of inefficiency. On the contrary, parametric and, more specifically, parametric and stochastic frontier models, not only overcome this problem, but also allow one to test for the statistical significance of alternative hypotheses and to estimate an appropriate functional form for the productive technology under consideration.
Despite these methodological benefits, only a few scholars have explored this research path within the primary care sector, and always by means of the specification of cost function models, aiming to estimate cost inefficiency rather than technical inefficiency [15, 16, 33] .
Focusing on technical efficiency measurement, our study presents a threefold contribution to the literature on parametric efficiency measurement within the primary health care sector. Firstly, we define an appropriate measure for primary care output by combining activity and quality indicators. Secondly, we deliver results within a multiple output framework by using multivariate data techniques and generating a set of synthetic indices for quality and primary care output. Thirdly, we estimate technical inefficiency by means of a stochastic frontier production model.
To the best of our knowledge, this paper presents the first empirical study on technical efficiency in the primary health care sector allowing for the quality-adjusted output in a stochastic frontier production model.
We exploit the richness of information retrieved from a newly constructed database for the Extremadura Primary Health System (APEX06) [37] . We provide evidence that not properly adjusting for the quality of health services implies misleading results on the average technical efficiency of the sector as well as on the efficiency ranking of health service providers.
The remainder of the paper unfolds as follows. The section on Methods briefly introduces the techniques employed to determine our measure of technical efficiency. There follows a description of the dataset (Data) and a discussion on the construction of the variables involved in the estimations. The Results section presents the results, followed by a final Conclusion section.
Data and methods

Methods
The stochastic frontier production function model-originally proposed by Aigner et al. [2] , Battese and Corra [6] and Meeusen and van den Broeck [25] -can be expressed as follows:
where Y i denotes production of the i-th cross-section unit; x i is a (1 9 k) vector of values of known functions of inputs of production and other explanatory variables associated with the i-th cross-section unit; and b is a (k 9 1) vector of unknown parameters to be estimated. The deterministic production frontier f(x i ;b) is common to all producers and the random error term v i captures the effect of producer-specific external shocks on observed output Y i . The stochastic production frontier f(x i ;b)exp(v i ) defines maximum feasible output in an environment characterized by the presence of either favorable or unfavorable events beyond the control of producers (v i ). The error term u i C 0 captures shortfall of Y i from f(x i ;b)exp(v i ), i.e., technical inefficiency. It is then possible to define the following technical efficiency scores:
i.e. the i-th unit of production will be technical efficient only if TE i = 1 and inefficient otherwise. Estimating technical efficiency scores (Eq. 2) requires the estimation of the log-version of (Eq. 1) under some distributional and independence assumptions on v i and u i . The conventional normal distribution is assumed to hold for v i , while alternative distributional assumptions can be imposed on u i . For instance, Battese and Corra [6] assume a half-normal distribution, Meeusen and van den Broeck [25] an exponential one, while Aigner et al. [2] consider both assumptions.
Assuming that the two error terms are distributed independently of each other and of the regressors, it is possible to define the log-likelihood function and to obtain consistent estimates. Once one has obtained maximum likelihood estimates for all parameters, technical efficiency can to be estimated for each of the observed production units [8, 19, 22] .
Data
We retrieved data from APEX06 [37] , an integrated information system for Primary Care in Extremadura that provides detailed information for each of the Health Areas and Zones of this region of Spain in 2006.
Because of the extension of its territory (41,634 km 2 in area) and its low population density (26.18 inhabitants/km 2 ), the Extremadura primary health care system is structured around two territorial administrative levels of aggregation: Health Areas and Health Zones. The system is divided into eight Health Areas (Badajoz, Mérida, Don Benito-Villanueva, Zafra-Llerena, Cáceres, Coria, Plasencia, and Navalmoral de la Mata), each consisting of a number of Health Zones. Covering a total population of 1,081,845 inhabitants, in 2006 there were 104 operating Health Zones, each organized around a primary care center (PCC) as the main provider in the zone.
Our cross-section estimations refer to a sample of 85 PCCs (81.73% of Health Zones, covering 78.09% of the total population).
2 Figure 5 in the Appendix illustrates the distribution of the Health Zones and Health Areas of Extremadura distinguishing between the zones considered in our study (in grey) and those not included (in white).
A very low population density coupled with a large territorial extension makes the Extremadura population one of the most dispersed among the Spanish regions [28] . The geographical dispersion of the population is intimately linked to the rural structure of the region. The average size of municipalities in Extremadura is 2,846 inhabitants, and half the population lives in cities of fewer than 10,000 inhabitants.
In our case study, ''rurality'' is a good proxy for the socioeconomic characteristics of the population served by PCCs. In fact, as shown by data reported in Table 6 in the Appendix, socio-economic records referred to age structure, health services accessibility, economic activity and main demographic rates differ greatly from rural to urban Health Zones.
3 Accordingly, we account for socio-economic characteristics of the population served by PCCs using a dummy variable for rural versus urban health zones.
4 Table 1 summarizes the descriptive statistics of the variables used in the estimated models, together with their role in the productive process of a PCC. As mentioned above, an indicator widely used for health care output is the number of visits or consultations by primary care professionals. For each PCC considered in this study, the variables FREQUENCYGP, FREQUENCYP, FREQUENCYN, and FREQUENCYU indicate the number of visits or consultations (in per capita terms) with general practitioners (GPs), pediatricians, nurses, and emergency units, respectively. The inputs employed by PCCs for the provision of health care services are labor, capital, and prescriptions. LAB is the per capita number of (equivalent) personnel, including both medical and non-medical staff (i.e., GPs, pediatricians, nurses, nursing assistants, emergency GPs, emergency nursing assistants, administrative staff, and porters). CAPI-TAL is a proxy for the capital structure of the center, expressed in terms of per capita PCC area measured in squared meters. PHARMA is the per capita number of prescriptions.
To measure primary care quality, we used seven variables capturing quality from different points of view. A first set of indicators-DAYVISITSGP, DAYVISITSP, and DAYVISITSN-defines the daily number of visits or consultations per GP, pediatrician, and nurse. Given that all GP, pediatrician and nurses' visits are provided within the PCC and for a daily fixed period of time, it is assumed that, ceteris paribus, personnel with fewer visits or consultations per day are able to devote more time to their patients, thus providing better care services and enhancing the quality of the PCC. 5 The variable EXPERIENCE is a proxy for the experience of GPs and pediatricians, measured in days of work during the previous 15 years. HOSTESTS represents the number of per capita diagnostic test requests from each PCC to the zone's reference hospital. Among diagnostic tests are blood tests, radiographs, urine analysis, etc. This set of diagnostic tests helps medical primary care professionals to better understand the nature of their patient's illness and so be more effective in diagnosis and treatment. As consequence, we assume that, ceteris paribus, the greater the number of per capita tests, the higher the quality of PCCs services. HEALTHTARGET is designed to capture the extent to which the PCC is able to fulfil certain specific health targets. Each of these targets contributes equally to increasing the quality of service offered by the PCC, and so HEALTHTARGET is calculated as an average of the coverage ratios (effective population served over the potential population to be served) of each of the programs implemented within the PCC's portfolio of services. 6 Finally, QUESTIONS indicates the number of affirmative answers to a ten-item questionnaire administrated to the managers of PCCs. This questionnaire was based on some of the standards considered in the total quality model elaborated for the Extremadura Health Service (Servicio Extremeño de Salud, SES), and was designed to provide information on three categories of quality: medical personnel's continued education, health management skills, and patient satisfaction (the questionnaire is reported in Fig. 6 in the Appendix).
The last group of continuous variables listed in Table 1 are synthetic indices generated by means of principal component analysis (PCA). The goal of PCA is to decompose a data table with correlated measurements into a new set of uncorrelated (i.e., orthogonal) variables [1] . Depending on the context, these variables are known as principal components, factors, eigenvectors, singular vectors, or loadings. Each factor or principal component is a 5 This assumption is in line with the existing literature [9, 20, 24, 26] showing the intimate correlation between the length of visits and patient satisfaction. In particular, Miranda et al. [26] study the service quality of primary health care in Extremadura, by considering a wide range of attributes as well as a simultaneous examination of both users and health center managers' perceptions. They conclude that the time devoted to patients is among the most valued aspects for both patients and PCC managers. 6 Health targets include the following items: population aged 0-14 entered in the register of vaccinations and correctly vaccinated; population aged over 15 entered in the register of adult vaccinations and correctly vaccinated against tetanus; population belonging to a risk group entered and correctly vaccinated against hepatitis B; population aged over 64 vaccinated against influenza; population aged 0-14 included in the health programme for cavity prevention and female population included in the health programme for early diagnosis of breast cancer.
linear combination of the standardized values of the original variables used for the definition of the index. The weight given to each of these variables corresponds to its statistical correlation with the latent dimension that the synthetic index attempts to measure. The number of factors to be retrieved depends on the correlation of the initial variables. If they are strongly correlated with each other, one factor will be sufficient to explain most of their variance. However, if the correlation is weak, several factors will be required in order to explain a significant percentage of their variance. In this case, one will get a set of intermediate indicators, as many as there were common factors, and the final synthetic index will be calculated as their weighted sum. The relevance of each factor is defined by the proportion of the total variance explained.
With this methodological approach [21] , five synthetic indices were calculated for each PCC in the sample. The relationships among them, the correlation levels (reported in square brackets), and the common factors (F) involved in their definitions are presented in Fig. 1 .
INDACT is a quantity-output index that integrates information on each PCC's activity by combining per capita number of visits or consultations with each of the types of primary care professionals. INDQUA1, INDQUA2, and INDQUAT are synthetic quality indices. INDQUA1 is associated with the daily number of visits or consultations per GP, pediatrician, and nurse. INDQUA2 is associated with the experience of the medical personnel, the number of diagnostic tests, the coverage ratios of the portfolio of services, and the affirmative answers to the questionnaire sent to the PCC managers. INDQUAT is an overall quality index constructed from INDQUA1 and INDQUA2. Finally, INDOUT is the synthetic quality-adjusted output index constructed by combining the activity index, INDACT, and the overall quality index, INDQUAT.
Results
Our empirical study follows the three steps described in the following three sections (Model specification, Estimations, and Comparative analysis. In the first step, we deal with the correct specification of the estimated models by determining the set of relevant inputs and control factors to take into account the functional form for the productive technology, and the distribution to use for the one-sided inefficiency error term. In the second step, we estimate the frontier production function in two scenarios-with and without adjusting output for quality-and then calculate individual PCCs' technical efficiency scores. Finally, we present a comparative analysis of the efficiency scores obtained in the two scenarios.
Model specification
Since our main objective is to assess the incidence of quality on the measurement of technical efficiency in the primary health care sector, we estimate two models, using a purely Synthetic indices and multivariate data analysis. quantitative measure of output in Model 1, and adjusting such a measure of output in order to account for quality in Model 2. We then compare results obtained in the two scenarios, thus assessing whether they are sensitive to quality adjustment. We specify Models 1 and 2 as follows. Model 1: Half-normal Cobb-Douglas with no qualityadjustment of the output
Model 2: Half-normal Cobb-Douglas with qualityadjusted output
where i = 1, 85 indexes PCCs; a is the intercept; b 1 and b 2 are output elasticities; OUT is the total per capita number of GP, pediatrician, nurse, and emergency visits or consultations; OUTQ the synthetic quality-adjusted output index (INDOUT); LAB the per capita total number of (equivalent) personnel; PHARMA the per capita number of prescriptions; and RURAL is a dummy variable which takes the value of 1 for PCCs located in rural zones and 0 otherwise. Table 2 summarizes the hypothesis testing results obtained by running a number of generalized log-likelihood ratio (LR) tests on the functional form, the statistical significance of additional regressors and the distribution of the inefficiency term in Model 1 and Model 2. As for the functional form, the implementation of an LR test at a 1% significance level suggests that the Cobb-Douglas specification has to be preferred over more flexible technologies, i.e., different versions of the translog production function. 8 Regarding the relevance of additional regressors, the value of the output elasticity of capital was found to be not statistically significant, and the null hypothesis of not including capital as a relevant input could not be rejected. As argued in previous studies, the use of physical capital can be quite limited in the provision of primary care, and much less important than in other health services such as hospitals [17] . This view seems to be confirmed with our dataset. 9 As mentioned above, the dummy variable RURAL controls for heterogeneity across PCCs in terms of economic and socio-demographic characteristics. As expected, the specification without RURAL could not be accepted in either model.
Finally, we checked the statistical significance of the assumption on the distribution of the inefficiency error component, by testing-as in most of the frontier 
Can not reject half-normal 7 A detailed set of estimates for each of the alternative hypotheses tested is available from the authors upon request. 8 Without the factor share equations, the estimation of translog functions seems to be hampered by an important problem of multicollinearity. According to Klein's rule of thumb, multicollinearity is a problem if max
, where R j 2 is the R 2 statistic from the ordinary least squares (OLS) estimation of the auxiliary regression of the j-th regressor on the other regressor and the intercept term. Several auxiliary regressions were estimated, and this condition held in all of them. 9 It is worth mentioning that, on average, capital accounted for only 6% of overall costs in our sample. literature-two possible distributions against each other: the half-normal and the truncated half-normal distribution. The half-normal distribution assumption could not be rejected in either model. Therefore, in our sample, the average pure managerial efficiency of the PCCs is not statistically significantly different from zero. Table 3 reports the estimation results of Models 1 and 2. The LR test on r u = 0 shows that the null hypothesis that the variance of the inefficiency error term is zero can be rejected in Model 1. This provides evidence on the presence of technical inefficiency, thus supporting the choice of estimating a frontier production function rather than an average production function. That is, deviations from potential output are due to both random noise and inefficiency. Indeed, the estimated value of k is 2.011, i.e., inefficiency contributes twice as much as random noise to the deviations from potential output.
Estimations
This evidence is confirmed in Model 2. Furthermore, the estimate of k (4.669) is much higher than in Model 1. This leads to a first major deduction: adjusting output for quality seems to magnify the effect of inefficiency.
The coefficients for the two inputs and the RURAL dummy variable are overall quite significant and show the expected positive signs in Model 1. In particular, the elasticity of labor is estimated to be lower than that of prescriptions. The technological dummy variable RURAL is positive, thus indicating the positive impact played by economic and socio-demographic factors in shifting the productive frontier upward for PCCs located in rural zones.
Adjusting output for quality in Model 2 leads to similar results. However, all the estimates in Model 2 are greater in magnitude than in Model 1. This implies drawing different conclusions regarding returns to scale: decreasing returns in Model 1, increasing returns in Model 2. For the dummy RURAL, the technological gap is now even greater than before, i.e., the upward shift of the frontier for rural PCCs relative to urban ones is greater after adjusting output for quality. Table 4 shows average efficiency scores in Models 1 and 2. After adjustment for quality, the average technical efficiency decreases, while the dispersion among the PCCs rises significantly. In particular, the average technical efficiency decreases from 84% to 58%, implying that not adjusting for quality leads to overestimating average efficiency in the sector. The dispersion around average efficiency in the full sample-measured by the standard deviation-increases from 0.0868 to 0.2226, i.e., the variability of efficiency across PCCs is underestimated when output is not adjusted for quality.
The same pattern holds when we split the sample into rural and urban zones, or into the eight Health Areas into which the Health Map of Extremadura is organized: adjusting for quality lowers the average efficiency and increases the dispersion. We illustrate this result in Fig. 2 where average technical efficiency levels estimated with and without quality adjustment are measured on the vertical and horizontal axis, respectively. For both the urban and rural zones, as well as for the eight Health Areas, the observations lie below the 45°line, indicating a decline in technical efficiency when we adjust output for quality.
Comparative analysis
In this final step, we consider the impact of quality adjustment on the ranking of PCCs in terms of technical efficiency. Figure 3 plots the ranks of the ten most efficient PCCs (ranked 1-10) in Model 1 against their respective ranks after adjusting for quality. It is interesting to note that all the PCCs experience a-sometimes substantialchange. With only two exceptions, the common pattern is a worsening of the ranking (only two observations lie below the line). Figure 4 is the analogue of Fig. 3 for the ten least efficient PCCs (ranked 76-85) in Model 1. As all observations are below the line, they all obtain a higher rank after adjusting for quality.
The pairwise Spearman rank correlation coefficients of the PCCs' efficiency scores in the two scenarios confirm this evidence (Table 5) . For the full sample, the positive correlation between the two rankings is quite low (about 20%), and significant only at 10%. In the rural sub-sample, the correlation coefficient is less than 30%, while in the urban zones the two rankings are not statistically significantly correlated.
In sum, our analysis shows how misleading an efficiency ranking of PCCs based on measures of health services not properly adjusted for quality can be. We conclude that the use of quality-adjusted measures of PCC output is important in order both to provide reliable measures of average technical efficiency and to rank correctly health providers.
Conclusions
Using a newly constructed dataset for the Extremadura Primary Health System (APEX06), we have estimated a stochastic frontier production model for a representative sample of PCCs observed in 2006. While the existing literature on the topic has dealt with non-parametric and Coria, PLA Plasencia, NAV Navalmoral de la Mata. RUR Rural Health Zones, URB Urban Health Zones deterministic techniques of estimation, we have provided the first empirical study on technical efficiency in the primary health care sector accounting for quality adjustment of health output within a stochastic frontier production model.
As a second departure from the existing literature, we have proposed a synthetic measure of output using both activity level and quality information on health services, thus overcoming the criticisms levelled at the use of purely quantitative indicators of output.
Our main objective was to assess how, to what extent, and in which direction disregarding the quality features of health services might affect the results of efficiency analysis. We provided evidence that neglecting the issue of properly accounting for the quality of health services can lead to misleading results. Our main finding is that adjusting output for quality has a three-fold effect on efficiency analysis. Firstly, inefficiency explains relatively more of the deviation from potential output. Secondly, the average technical efficiency in the sector is lower, while its dispersion among PCCs is significantly higher. Thirdly, the efficiency ranking of the PCCs is affected. Fig. 6 The questionnaire
